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Abstract 
This study aims to estimate travel behaviors by dividing individual travelers into several groups based on their personal 
characteristics. The individual grouping was achieved using the cluster analysis with the aid of the statistical analysis system
(SAS) software. The trips to the central business district (CBD) in Nanjing City of China were taken as a case study. Two travel
mode choices were investigated: the transit (bus and metro) and car. Travelers’ personal information and travel information were
collected through a reveal preference (RP) survey and a stated preference (SP) survey. The personal information include gender,
occupation, income, and car ownership, while the travel information include the mode choice, walking time, waiting time, in-
vehicle time, fare, comfort, etc. There were 524 valid respondents in the RP/SP survey. These 524 individuals were categorized 
into three groups using cluster analysis based on their personal information. It was found that people from the three groups had
very different characteristics, indicating the cluster analysis worked well. In addition, six travel scenarios were designed for each 
respondent to ask their travel mode choice. Then, the travel mode choices were estimated using a discrete choice model and 
compared with the mode choices in the RP/SP survey for each group. It was found that the accuracy rate of the mode choice 
estimation using individual grouping were remarkably higher than that without grouping, indicating that the individual grouping
improved the travel behavior estimation. 
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1.Introduction 
Travel mode choice have been widely investigated based on the random utility maximization theory and choice 
behavior theory, such as discrete choice model [1-3]. The essential concept of travel mode choice models is to 
understand the relationship between traveler’s choice and the contributing factors, such as the social-economic level 
and service level of modes [4-7]. The factors that contribute to travel behaviors mainly fall into two categories: the 
macroscopic and microscopic factors [8,9]. The macroscopic factors are normally determined by the characteristics 
of the society, which include economic level, urban land use, etc. The microscopic factors are related to the 
individual traveler’s characteristics and travel attributes. They include travelers’ age, income, travel time, travel cost, 
etc. In regard to the macroscopic factors, Dowing and Gollner [10] investigated the effects of economic level, 
culture and environment on female’s mode choice and found that female motor vehicle use is increasing at a 
disproportionate rate to men's. In terms of the microscopic factors, many previous studies found that traveler age is a 
significant contributing factor to the travel behavior [8, 11-13]. It was found children’s increasing car travel are 
probably the most easy-changeable because their travelling are likely to be highly dependent upon the household’s 
social-economic characteristic. In addition, age, income and life stage have significantly different and interactive 
influences on the travel mode choices [14]. Nicolau [15] found income, family size and education have great effects 
on travel decision c. Bowman and Ben-Akiva [16] took age, income, travel time and cost as the mode choice 
variables to predict passengers’ travel behavior. Syam et al. [17] studied the mode choice behavior of travelers with 
a multicultural society and found that face took an effect on mode choice, for example, New Zealand Europeans are 
the largest group in car use. Compared with the microscopic factors which are individual dependent, the 
macroscopic factors are much more stable in a specific region and a certain period of time. In regard of the relative 
stability of the macroscopic factors, this study mainly focuses on the effects of the microscopic factors on the travel 
mode choice. 
According to the existing researches and surveys, the microscopic factors affecting travel choice behavior can be 
categorized as personal attributes and service of travel mode [8, 10, 18, 19]. Travelers’ social-economic attributes 
include race, age, income, car ownership and occupation. Overall, travelers with higher income would like to choose 
a more comfortable mode. The car ownership largely determine if a traveler need to choose a public mode. In 
addition, it is likely commuters prefers travel modes with punctuality, such as the metro. The service of travel mode 
include travel cost, travel time, comfort and accessibility. For transit users, the cost is ticket fare, while the cost 
includes the fuel cost and the parking fee for car travelers. The travel time of transit users include the walking time 
to the station, waiting time, the time on board, transfer time, and the walking time to the destination. For car 
travelers, travel time include the walking to the parking lot and the in-vehicle time. It is regarded that car travel is 
more comfortable than the transit. Normally private traffic has a higher accessibility than the transit except for some 
special regions for personal vehicle forbidding.  
The attitudes on travel time, cost, and the service level of the trip normally vary for travelers from different 
groups. For example, females and elders may regard comfort as the primary concern, while punctuality is the most 
important factor for commuters. Kevin [20] and Abolfazl [21] investigated females’ mode choice behavior and 
found that females have lower commuting use rate compared to male. Their findings are consistent with other 
studies showing that females have higher rates of leisure travel [22]. The study by Cutler [23] showed that elders’ 
accessibility reduces with the increase of age, and the reducing rate of elder females is fast than elder males. That is 
a possible reason why elder males prefers to drive but elder females prefer the transit by community [24].  
In addition to the group division based on personal characteristic, group divisions based on other contributing 
factors have also been investigated. Tsamboulas [25] divided travelers into two groups based on parking payment 
type (hourly parking payment and monthly parking payment) to study the travel behavior. The study found that: 1) 
there are similar characteristics within the group; 2) travelers in the group of hourly parking payment are easier to 
change travel behavior than the other group. Trip behaviors in Chicago, divided into two groups (work trip and non-
work trips) were also studied [26]. They found there are similarities between commuters’ and non-commuters’ travel 
behavior. However, a number of attributes such as station/stop security, lighting/safety and proximity to services et 
al. are considered more important by non-commuters (compared to commuters). 
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2.Motivations and objectives 
While some existing studies investigated the travel mode choice based using traveler grouping, the grouping 
concept is simply based on one or two contributing factors. Therefore, the effect of other contributing factors are not 
reflected in the analysis. With the aid of cluster analysis, the traveler grouping can take account into more 
contributing factors that affect travel behaviors. The objective of this study is to predict travel mode choice with 
individual grouping based on cluster analysis. All the travelers are divided into a few differential groups based on 
their personal characteristics. It is also expected that the proposed model can improve the predictive accuracy and 
better describe travelers’ mode choice behavior. 
3.Research plan 
To achieve the goal in this study, the travel behavior in the central business district (CBD) of Nanjing City in 
China was investigated. First, a survey containing travelers’ revealed preference (RP) and Stated-Preference (SP) 
was conducted to obtain the travelers’ characteristics, their actual and preferred travel mode choice. Then, cluster 
analysis was employed to categorize all the travelers into a few groups based on their characteristics. Afterward, the 
travel mode choices of all the travelers are predicted based on the utility maximization theory and choice behavior 
theory. The predictive accuracy using the proposed model was also be verified at the end. 
3.1 Travel data collection 
The CBD of Nanjing City in China is named Xinjiekou business district. It is a transit-rich region surrounded by 
business, shopping and entertainment venues, which is attracting large amount of travelers for working, shopping, 
entertainment, etc. The daily passenger flow in the CBD is more than 600,000 in weekdays and more than 1 million 
in weekends. Three main travel modes are served in the district, which are metro, bus and car. In terms of the metro, 
there are currently two metro lines crossing at the CBD in Nanjing under operation. For the ground traffic, the CBD 
is the intersection of a few urban roads. The hourly traffic flow of an urban freeway is as high as 2,000 at peak 
periods. The highest daily number of passengers taking the metro is more than 1.4 million. 
The data collection was aiming at the travel mode choices of travelers going to the CBD. As mentioned above, a 
RP survey was taken to collect social-economic information and related travel data of travelers. The individual 
grouping was based on the social-economic information. The survey was taken through the internet and interview on 
the travelers who live in Nanjing. In addition, the data collection targeted travelers who had been to the CBD at least 
once before. Information of 524 respondents was collected for the SP and RP survey. The RP collected the 
respondent’s social-economical information including gender, occupation, income, and car ownership. It should be 
noticed that the age was not regarded as an attributes because the survey results showed that all the respondents’ 
ages fall into the range of 20 to 45 years old. As a result, the age variance was not high enough for a categorization. 
The SP survey collected the information of the respondents’ preferred mode to the CBD. On the other hand, the SP 
survey collected the mode choice decisions of the respondents under six travel scenarios. The detailed survey 
information is shown in Table 1. 
3.2 Cluster analysis of individual travelers 
Cluster analysis is a multivariate statistical method for the classification of samples or indexes [27, 28]. The 
primary objective of cluster analysis is to collect data and to achieve the individual grouping based on the character 
similarity of the study objects. Samples with similar characters are grouped together. The cluster analysis on 
individual travelers was achieved by an analysis process to categorize all travels into several classes based on the 
characteristics of these individuals. In this study, 524 individuals with four social-economic attributes were 
determined, which were gender, occupation, car ownership, and income.  
The statistical analysis system (SAS) software is a widely used for hierarchical clustering analysis [29]. Thus, the 
SAS software was employed for the individual grouping in this study. There are two types of hierarchical cluster: Q-
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mode analysis and R-mode analysis [28]. Q-mode analysis is sample based. It allows samples of similar 
characteristics to group together while distinguish samples with significantly different characteristics. R –mode 
analysis variable based. It assembles the similar variables while separates the very different variables. In this study, 
the Q-mode analysis was used considering the cluster objects were the individual travelers. 
Table 1 The description of the SP and RP survey 
Surveys Information to collect    Description  
RP Survey 
Social-economic information  
(personal attributes) 
Gender; occupation; income; car ownership  
RP survey  
Travel information last time (other 
contributing factors) 
Transit Walking time; waiting time; fare; in-vehicle time; seat or not
Car  Travel time; fuel cost; parking fee; comfort 
SP survey 
Preferred mode choice under six travel 
scenarios   
Transit 
Hypothetic walking time, waiting time, in-vehicle time, fare, 
and comfort  
Car  Hypothetic travel time, fuel cost, and parking fee 
The data collected were used to model coefficient estimation and model validation, so data were divided two 
parts: data1 and data2. Data 1 was 50% of the whole data randomly sampled from RP data, while data was the union 
of RP data and SP data. 
3.3 Travel Mode choice model 
A simple Multinomial Logit (MNL) model was applied in this study for the travel mode choice analysis. The 
variables used in the utility functions include: 
x Walking time: only for transit. 
x Waiting time: only for transit. 
x In-vehicle time: only for transit. 
x Fare: only for transit, it is the public transit’s ticket price. 
x Comfort: only for transit, including three levels, very comfortable with seat, no seat but with some freedom of 
movement, no seat also very crowded. 
x Travel time: only for car users. 
x Cost: only for car users, including fuel cost and parking fee. 
An individual traveler is assumed to choose the travel mode with the maximum utility from different travel 
modes of 1 to J. A utility known by the traveler is expressed as  njU , j = 1,L,J  , as shown in Equation 1.   
nj nj njU = V + e                                                                  
(1)
where, njV  is a function of the measured attributes which is also called Representative Utility; nje  is the 
unobserved attributes. 
The variables in the utility function are composed of travelers’ trip attributes. The travel information of the transit 
users includes waking time, waiting time, in-vehicle time, fare, and comfort; while the travel information of the car 
users include travel time and cost. Normally, the utility function is linearly correlated with its variables. The utility 
function for traveler n, alternative mode j is expressed as Equation 2 [30, 31].  
  'nj nj k knj 1 1nj 2 2nj K Knj nj
k
V X = b X = b X +b X + L+b X = b Xå    (2)
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where,
j 1j 2j KjX = (X , X ,L, X ) , is a vector of attributes for alternative j, and 'j 1j 2j Kjb = (b ,b ,L,b ) , is a vector of 
estimation coefficients. 
Based on the travel information from the RP/SP surveys, the estimation coefficients of each attributes can be 
obtained through the regression using Biogeme. This procedure was taken for each group. The estimated mode 
choice can also be obtained based on the comparisons of the utilities of the transit travel and car travel. The 
estimated mode choice of each traveler was compared with the mode choice he/she claimed in the RP/SP survey to 
understand the accuracy of the prediction model. In addition, the estimation results of the proposed model using 
individual grouping was compared with that without grouping to know if individual grouping improves the 
estimation accuracy. 
4.Results and discussion 
4.1 Data Collection 
The four personal attributes of the 524 respondents was collected. The percentages of the male and female 
travelers are 51.2% and 48.8%, respectively, indicating the gender distribution is balanced. In terms of the income, 
16% of the respondents’ annual income is lower than 20,000. This is because a good amount of the respondents are 
college students, many of which have relatively lower incomes. The commuters made up more than 60% of all the 
respondents. About 45% of the respondents claimed they have one or more cars.  
In addition to the personal attributes, the travel information was also obtained from the SP/RP survey. It was 
found that traveler numbers of the transit and car were 105 and 26, respectively. In another word, the mode choice 
percent of the transit travel and car travel were 80.15% and 19.85%.   
Distributions of the reported transit trip (walking time, waiting time, seat, in-vehicle time and transfers) are got. 
A reasonable walking time distribution was obtained. The percentage of the walking time higher than 20 minutes 
was only 11.43%, indicating that the acceptable walking time for most travelers to take the transit was within 20 
minutes. Similar, most of the waiting time was within 10 minutes, indicating the acceptable waiting time for most 
travelers was about 10 minutes. A reasonable in-vehicle time distribution was also observed with a mix of short and 
long time. More than 60% of trips by transit have no seat because of limited seat. It is noted that most of the trips did 
not need to transfer.  
Travel attributes of car trips such as travel time, fuel cost and parking fee are also obtained. A wide range of 
travel time was observed varied from within 10 minutes to more than 40 minutes. It was noticed that a 30.77% of 
the travel time was higher than 40 minutes. This is much higher than of the transit travel, indicating that more 
travelers preferred a car to transit for a long trip. About half of fuel cost fell into the range of ¥10 - ¥20, which is 
consistent with the relatively high travel time. All of the parking fee was lower than ¥20. The possible reason of this 
is that the data collected shortly after the parking price increased, while the last trip to Xinjiekou may be before the 
parking increased when the parking fee was much lower.   
4.2 Individual grouping  
The cluster analysis was conducted for the individual grouping of the travelers based on their personal attributes, 
which are gender, occupation, income, and car ownership. The SAS software was employed for this purpose. Table 
2 illustrates the cluster results of the 524 respondents. Three clusters were obtained and their proportions are 27.5%, 
25.9%, and 46.6%, respectively. The three clusters were labeled as Group 1, 2, and 3, respectively. All the personal 
attributes were represented by number indexes, which are shown in the last row of Table 2. For instance, the indexes 
of male and female were 1 and 0, respectively.  
It was found that the average indexes of three groups varied visibly from each other, indicating that the personal 
characteristics are very different. The gender index of Group 1 is 1, indicating that all the members of Group 1 are 
males. On the contrary, female is dominant in Group 2 as the gender index is only 0.22. It was also found that the 
income index and car ownership index of Group 1 are much higher than that of the other two groups, indicating 
many high-income travelers are in Group 1. The higher occupation index also suggests that most of the members in 
Group 1 are commuters. To summary the members in each group, the Group 1 mainly consists of high-income male 
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commuters; Group 2 manly consists of low-income female; while the personal characteristic in Group 3 are between 
that in Group 1 and 2. 
Table 2 The cluster results of the individuals 
Cluster  1 2 3 
Label Group 1 Group 2 Group 3 
Size
    
Average index of 
personal attributes  
Male  
1
Male  
0.22 
Male  
0.39 
Occupation   
0.83 
Occupation
0.43 
Occupation
0.67 
Income 
3.23 
Income 
2.08 
Income 
2.42 
Auto ownership  
0.87 
Auto ownership  
0.21 
Auto ownership  
0.39 

4.3 Model coefficients estimation
Table 3 shows the variables and coefficients obtained of the estimation model for the three groups and the whole 
sample without grouping by Biogeme.  
Table 3 The model estimation results for groups 
Variables Utility Coefficient Std.Err (t test) 
G1 G2 G3 All G1 G2 G3 All
IVTT_A Car -0.385 -0.374 -0.314 -0.344 0.050 
(-2.77) 
0.038 
(-2.15) 
0.329 
(-1.96) 
0.011 
(-5.18) 
IVTT_T Transit -0.677 -0.448 -0.317 -0.389 0.182 
(-3.71) 
0.079 
(-5.44) 
0.025 
(-3.09) 
0.033 
(-5.79) 
Waiting time Transit -0.679 -0.273 -0.161 -0.333 0.341 
(-2.08) 
0.055 
(-2.69) 
0.377 
(-4.27) 
0.469 
(-2.73) 
Walking time Transit -0.264 -0.172 -0.145 -0.279 0.244 
(-1.08) 
0.015 
(-7.51) 
0.410 
(-3.53) 
0.22 
(-1.91) 
Fare Transit -0.79 -0.961 -0.973 -0.973 0.251 
(-3.15) 
0.023 
(-4.75) 
0.787 
(-6.02) 
0.289 
(-2.17) 
Comfort Transit 1.03 0.443 0.206 0.401 0.254 
(4.05) 
0.075 
(10.90) 
0.021 
(1.96) 
0.214 
(2.71) 
Cost-car Car -0.442 -0.734 -0.89 -0.857 0.012 
(-3.73) 
0.023 
(-3.61) 
0.255 
(-4.28) 
0.140 
(-2.66) 
Car constant Car 0.00 0.00 0.00 0.00 Fixed Fixed Fixed Fixed
Transit constant Transit 1.19 2.58 1.59 2.19 0.46 
(3.13) 
0.0175 
(-8.07) 
0.34 
(3.37) 
0.654 
(4.34) 
Group G1 G2 G3 All
Number of observations 268 209 277 754 
Log likelihood -185.764 -144.175 -187.742 -522.390 
Rho-square 0.735 0.722 0.628 0.610 
Adjusted rho-square 0.649 0.616 0.581 0.573 
*note: G1, G2, and G3: Group 1, Group 2, and Group 3; IVTT_A: in vehicle travel time of auto; IVTT_T: in vehicle travel time of transit  
Overall, the coefficients of the variables were different among the three groups. This is supported by the fact that 
travelers from the three groups have different attitudes at travel characteristics. In terms of the values of the 
coefficient, it is as expected that all the coefficients of travel time are negative, including the in-vehicle travel time 
(IVTT), waking time, and waiting time. It was also found that the in-vehicle travel time of transit (IVTT_T) had a 
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higher adverse effect on the travel utility than the in-vehicle travel time of auto (IVTT_A). It is consistent with the 
conclusion in the data collection that long trips prefer cars. This is because car normally provides a higher comfort 
than the transit. The possible interpretation that the waiting time has a higher effect on the utility is that it is more 
boring to wait than walk. In regard to the comfort estimates in three models, coefficient of Group 1 is larger others, 
indicating the comfort was more important for the travelers in Group 1. One possible reason is the travelers in Group 
1 had a higher income who prefer comfortable modes. The walking time includes the access time and egress time, 
the detailed description of the two types of walking time can be found in a previous study by Hensher and Rose [32]. 
The walking time and waiting time of car used were zero because the parking lot is at the very center of the CBD. 
Therefore, the travel time is equal to the IVTT_A. The transit constants of Group 1, 2 and 3 were 1.19, 2.58 and 
1.59, respectively. Comparison among the three groups showed that the transit constant of group 2 was much larger 
than other two groups, indicating that there were more other factors affecting travelers’ mode choice in group 2. 
Another possible reason is that the individuals with relatively low income in group 2 prefer transit modes over the 
car mode. This is consistent with the results in previous study [26]  
4.4 Model validation  
The prediction model based on individual grouping was verified using RP/SP data. There were 524 respondents 
in survey. Six scenarios were designed for each individual respondent in the SP survey. Therefore, the supposed 
total sample observations were 3144. However, some obvious erroneous samples were not taken account, and the 
final valid sample observations were 3024. The observations of Group 1, 2 and 3 were 784, 832 and 1456, 
respectively. The MNL models were applied to predict the travel mode choice of the three groups from the cluster 
analysis. The utilities of the travel scenarios were calculated based on Equation (2). Then the predicted utilities of 
taking transit and car were compared and the differences were shown in Fig. 1.  
Fig. 1. The differences between the utility of transit and car of the three groups and the whole sample without grouping. 
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The utility difference was the value of the car travel utility subtracted from the transit travel. Thus, a positive 
utility difference indicates the transit travel is a better choice. As seen in Fig. 1, most of the utility difference values 
are positive, indicating a transit travel is more preferred than the car. Some utility differences of Group 1 were pretty 
low, indicating some individuals with high income were categorized in Group 1. This is consistent with the results 
of the cluster analysis that the high income travelers were in Group 1. The highest utility difference of Group 2 and 
3 are about 4 and 8, respectively. This indicates that people in Group 3 have a relatively lower time value than that 
in Group2. This is also consistent with the results in the cluster analysis. In terms of predicted results without 
grouping, a good amount of utility results were negative, indicating a predicted mode choice of car travel. This may 
be a deviated estimation because the survey results showed that 80.15% of the travelers would like to take the transit. 
The accuracy of the estimation is discussed below.    
The predicted mode choice results were compared with claimed results in the survey. Fig. 2 shows the total 
sample number, the correctly predicted sample number, and the accuracy rate of the three groups. The accuracy rate 
of each group was defined as the ratio of the correctly predicted sample number to the total sample number. The 
prediction accuracy rates of Group 1, 2 and 3 were 89.8%, 85.6% and 78.2%, respectively. On the other hand, the 
prediction accuracy rate of the entire sample without grouping was 65.6%. This means that there was a significant 
improvement on the prediction accuracy rate when the individual grouping was applied. This is as expected because 
the cluster analysis groups travelers of similar personal characteristics. As a result, it is appropriate to use the same 
coefficient for the individuals in the same group. However, higher deviation may occur in the prediction model 
without grouping because the same coefficient was used for all the travelers.                 
Fig. 2. The prediction results of the three groups and the whole sample without group. 
5.Summaries and Conclusions 
The paper proposed a prediction model to estimate travel mode choice with individual grouping based on cluster 
analysis. It is a discrete choice model to estimate the mode choice of individual travelers. Two travel mode options 
were investigated: the transit and car. A revealed preference (RP) and stated preference (SP) survey were conducted 
in Nanjing City of China to collect travelers’ social-economic information and travel information. The social-
economic information was used to classify all the travelers into three groups based on the cluster analysis. The 
variables in the utility function were from the travel information in the RP/SP survey, including travel time, walking 
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time, fare, etc. The coefficients in the utility functions were obtained through the regression based on the SP/RP 
survey information. Finally the estimation of the travel mode choice was presented and compared with the survey 
data. The results showed that the accuracy rates of the estimation of the three groups were 89.8%, 85.6% and 78.2%, 
respectively. They are remarkably higher than that without grouping, which was 65.5%. This indicates that the 
individual grouping based on cluster analysis benefits the mode choice estimation.   
There are two main contributions of this study. Firstly, the paper shows that it is possible to estimate travelers’ 
mode choice with individual grouping based on the RP/SP data. This estimation strategy involves an easy collection 
of representative data using SP and RP survey. The results showed that the cluster analysis method is an effective 
mathematical method to divide individuals into groups. Secondly, by using an approach where individuals are 
grouped using cluster analysis, individuals’ travel behavior estimation can be visibly improved. The advantage of 
the model with grouping compared to that without grouping is that, it takes full account of the travelers’ 
characteristics. This is important in analyzing travelers’ behavior using discrete choice model. The proposed model 
can also be potentially adopted by the managers to analyze residents’ travel behavior and to make necessary 
strategies. In the future studies, the authors will take account more travel mode choices, personal attributes, and 
other contributing factors in the model. 
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